Abstract: Nonpoint source nitrogen pollution is difficult to effectively model in groundwater systems. This study aims to elucidate anthropogenic nonpoint source pollution discharging into Potowomut Pond and ultimately Narragansett Bay. Hydrologic modeling with Soil and Water Assessment Tool (SWAT) and SWAT Calibration and Uncertainty Program (SWAT-CUP) was used to simulate streamflow and nitrogen levels in the Hunt River with and without onsite wastewater treatment systems (OWTS). The objective of this study was to determine how input of OWTS data impacts nitrogen loading into the Hunt River Watershed in Rhode Island, USA. The model was simulated from 2006 to 2014, calibrated from 2007 to 2011 and validated from 2012 to 2014. Observed streamflow data was sourced from a US Geological Survey gauge and nitrogen loading data from University of Rhode Island Watershed Watch (URIWW). From the results, adding OWTS data to the SWAT simulation produced a better calibration and validation fit for total fit (Nash-Sutcliffe Efficiency (NSE) = 0.50 calibration, 0.78 validation) when compared with SWAT simulation without OWTS data (NSE = −1.3 calibration, −6.95) validation.
Introduction
Eutrophication poses a severe threat to coastal waters on local, regional, and global scales. Coastal ecosystems are naturally nitrogen limited and runoff from terrestrial systems from agriculture, wastewater, and industrial practices contributes to eutrophic areas of low dissolved oxygen, known as dead zones [1] . Dead zones have been documented as doubling in occurrence every decade since the mid 1900s and have been increasing in areal extent. Factors such as rising ocean temperatures, increasing ocean acidification, sea-level rise, and changing climate variables are acting synergistically to exacerbate the eutrophication problem [2] . Often, eutrophication, leading to conditions of hypoxia and anoxia in coastal waters, is overlooked until broad scale detrimental effects are obvious [3] . The breakdown of coastal fisheries and large fish kills garner the most attention to eutrophic conditions. Fisheries located in shallow coastal waters are the most at risk and instances of fishery and shellfish closures have increased in recent years.
Narragansett Bay, located in the state of Rhode Island (RI), USA is no exception to the problem of excess nitrogen (N) and resulting eutrophication of coastal waters. Areas of the bay have experienced N inputs for over the past 200 years and impacted areas have expanded in extent as the state's population has grown and development has increased throughout the state. Rhode Island is the smallest state and is the second most densely populated with roughly one million residents [4] . Over the past several decades, the bay has ranked as one of the most heavily fertilized estuaries in the USA with the majority of nutrients originating from point sources [5, 6] . The largest point source contributor is sewage treatment plants (STPs) [6] in the northern portion of the bay where the state capitol is located and the population density is highest. Through the years, the state has faced harmful algal blooms stemming from eutrophication, leading to fisheries and beach closures, most often during the peak summer tourism season. Both fisheries and tourism are vital to the state's economy. In 2003, the state experienced a severe fish kill with over one million menhaden, and other finfish and shellfish, killed from anoxic conditions within Greenwich Bay, which is a smaller offshoot of Narragansett Bay [7] . This event spurred initiative for action to clean up pollution within the bay and to combat excess N from entering the state's coastal waters in order to reduce risks to the health of the coastal ecosystems and the communities that rely upon them. Targeting the N point sources, the state set a goal of 50% reduction of N discharge into the bay from 1995 to 1996 levels, limiting the allowable discharge volumes of N from 11 wastewater treatment facilities in upper Narragansett Bay. The targeted reduction was achieved through stages by 2012 [8] . Today, as N inputs decline from point sources, nonpoint sources, such as urban runoff from septic systems, are becoming a proportionately larger contributor of N into the bay. In RI, 30% of homes are on septic systems, also known as onsite wastewater treatment systems (OWTSs) [8, 9] . For coastal watersheds with households served predominantly by OWTSs, these systems can serve as significant sources of N which can contribute to detrimental eutrophication of coastal waters.
The Hunt River and two of its tributaries (Fry Brook and Scrabbletown Brook), lie within coastal watersheds served predominantly by OWTSs. These waterbodies were listed as 303 (d) Group 1, under the Clean Water Act for highest priority impacted waters in RI. The Hunt River and its tributaries have made the 1998 303 (d), under the Clean Water Act list of impaired waterbodies for several years for being impacted by fecal coliform. The majority of high bacteria counts were found to occur during wet weather conditions. The 2001 total maximum daily loads (TMDL) report determined the largest wet weather source of fecal coliform to be stormwater runoff. Fecal coliform monitoring is often used as indication of pathogen presence; however, modeling fecal coliform in freshwater systems holds a unique set of challenges. Bacteria fate and transport relies heavily on the nature of pollution events and sensitivity of fecal coliform to environmental conditions [10] . Leaking sewer and septic infrastructure greatly contributes to nonpoint nitrogen pollution to urban watersheds In order to protect the health of any coastal community, it is important to quantify the influence of STPs and OWTSs on groundwater flow and the contributions of nutrients from these systems to coastal waters. For mitigation purposes, it is helpful to model these inputs on local watershed scales to identify potential areas of high N inputs to target for reduction through policies and infrastructure development. Few studies have been conducted modeling nutrient inputs on the watershed scale using the Soil Water Assessment Tool (SWAT) due to complexities stemming from the uncertainty of differences in subsurface hydrology, soil and water dynamics, and the often lack of detailed information about OWTS [11] . Increased densities of OWTS have been shown to increase baseflow within a watershed system [12] [13] [14] , which can have the effect of increasing nutrient loading into ground and surface waters, eventually entering into coastal waters. OWTSs have a biozone layered designed to filter out nutrients, preventing their leaching into the groundwater. However, these biozone layers can become ineffective over time, resulting in an increased discharge of nutrients into sensitive coastal waters. Nutrient loading into a waterbody depends on local surrounding conditions, thus it is helpful to conduct modeling on smaller scales to identify areas to target for N mitigation.
In this study, we modeled the amount of N entering into Narragansett Bay on the watershed scale, with focus on the Hunt River Watershed. The Soil Water Assessment Tool (SWAT) was used to model N inputs into Potowomut Cove, which is fed by the Hunt River, and connects to Narragansett Bay. The effects on receiving waters due to nonpoint source loads, including OWTS could be effectively modeled using SWAT. The development and application of hydrologic models such as SWAT could therefore be used for the Hunt River Watershed to determine Best Management Practices (BMPs). We used a gauged watershed to calibrate the SWAT model, and estimate streamflow and nutrient loading into the bay. Recent development in the SWAT model allows the users to account for presence of septic systems or OWTSs. SWAT modeling also is unique in its ability to account for both watershed and in-stream processes.
Materials and Methods

Study Area and SWAT Model Description
The Hunt River Watershed, as shown in Figure 1 , is a small-scale (59.9 km 2 ) watershed that cuts across central Rhode Island, USA. The 11 kilometer Hunt River winds through several towns and ultimately discharges through rural East Greenwich and into Potowomut Pond. From there, the river known as Potowomut River flows southeasterly into Potowomut Cove and then into Narragansett Bay. While the watershed is predominantly rural and undisturbed, rapid urbanization along the waterway has driven significant increases in anthropogenic pollutants. The SWAT model is hydrologic modeling software developed by the United States Department of Agriculture (USDA). The SWAT model was originally developed to predict impact of land management on water, nutrients and sediments of large ungauged basins. It was created as physically based, continuous, and computationally efficient models [15, 16] . In SWAT, the catchment area is subdivided into subbasins, river reaches and hydrological response units (HRUs). Further subdivisions of HRUs are statistically performed by considering a determined percentage of subbasin area that is independent of location within the subbasin. SWAT uses a different routing scheme for runoff and chemistry through watersheds while maintaining water balance for each watershed sector. Normally, the routing for chemical transport includes sediments, erosion, plant growth, pesticides and nutrients. Modeling in-stream nutrient processes is valuable for simulating more accurate environmental conditions. A nutrient process in SWAT includes fate and transport of numerous nitrogen and phosphorus pools including organic and inorganic forms in soil and stream. The SWAT in-stream water quality algorithms incorporate nutrient interactions and relationships used in the Enhanced Stream Water Quality Model (QUAL2E) [17] . Recent advancements in SWAT modeling consider nutrient processes from OWTSs based on a biozone algorithm [18] . This algorithm is a function of the net growth of septic biomass dependent upon soil temperature and the leaching of soluble phosphorus through soil layers.
SWAT-CUP Model Description
The SWAT Calibration and Uncertainty Program (SWAT-CUP) is widely used for SWAT model calibration and uncertainty analysis. This program offers various calibration algorithms, of which, Sequential Uncertainty Fitting (SUFI2), a robust method compared to deterministic and stochastic method [19] , is used for this study. The SUFI2 approach was implemented due to its comprehensive consideration of uncertainty sources in static input variables. Moreover, it gives the 95% probability distribution model output variables based on propagation of uncertainty, often referred to as 95% Prediction Uncertainty (95 PPU).
Input Data and Model Preparation
Numerous data sources were used to develop the SWAT model. Land cover data and soil data were obtained from the Rhode Island Geographic Information System (RIGIS) [20] . Precipitation data was acquired through the Parameter-elevation Regressions on Independent Slopes Model (PRISM) climate mapping system [21] . The spatial coverage representing the watershed area which included eight data stations of precipitation and temperature were downloaded from PRISM. Streamflow was calibrated using USGS Gauge 01117000 (41 • 38 28 , −71 • 26 42 ), located in North Kingstown, Rhode Island, 4 kilometers upstream from the mouth of Narragansett Bay. The National Elevation Dataset was downloaded for the Hunt River Watershed at a 10 m resolution (U.S. Geological Survey). Official Soil Series Descriptions data was obtained from the Natural Resources Conservation Service (NRCS) Soil Survey Geographic Database (SSURGO) [22] . Land Use/Land Cover (LULC) data was obtained from the United States Geological Survey (USGS) 2006 National Land Cover Dataset (NLCD) [23] in 30 m resolution. Elevation data was obtained from Digital Elevation Model (DEM) obtained from United States Geological Survey National Elevation Data (NED) [24] .
LULC data indicated that the land within the watershed delineation was dominated by forested and urban areas. The headstream of the Hunt River is predominantly urbanized (Figure 1 ).
According to the LULC classification system, the watershed area is dominantly classified as "Urban Development" (34%), and "Sewered Urban Area" (26%). Subbasins 1 and 5 are preeminently urbanized, whereas subbasins 2-4, and 6 are a mixture of urban development and undisturbed habitat. In respective order from highest to lowest, the remaining land use classifications identified in the Hunt River Watershed were "Major Parks and Open Space" (18%), "Conservation and Limited" (12%), "Reserve" (6%), and "Non-urban Development" (3%). Land classified as "Water Bodies" and "Prime Farmland" were both identified at less than 1%. OWTS information is not publicly available for the state of Rhode Island. In order to estimate the number of households on OWTS, sewer line data from RIGIS [25] was overlaid on the Hunt River Watershed area to determine the sewered areas of the delineated watershed using ArcGIS (ESRI-version 10.3.1). Urban areas served by sewers were subtracted from the map area to estimate land area serviced by OWTSs. Using this method, an estimated 94% of households (13.36 km 2 ) residing on urban land within the watershed do not have access to sewer, and were therefore classified as relying on OWTS for the purpose of this study. There are no industrial waste water treatment facilities within the delineated watershed. Due to absence of agricultural land use, nitrogen inputs from fertilizers, farmland, and livestock were negligible and not included within the model.
A challenging aspect of modeling nutrients in Rhode Island is lack of continuous sampling data. This project used data from the University of Rhode Island Watershed Watch (URIWW) program, collected from five monitoring stations located along the Hunt River. The URIWW is a volunteer, citizen-science program which conducts statewide monthly water quality sampling from May-October each year, beginning in 2007 for the Hunt River [26] . Total nitrogen (TN) data collected from 2007 to 2014 was used for this study.
Model Setup and HRU Definitions
For this study, six outlet subbasins were created based on data from URIWW monitoring stations of TN (Figure 1 ). Subbasins were divided into HRUs by assigning threshold values of land use and land cover, soil, and slope percentage ( Figure 2 ). Development of HRUs determines the land use/soil/slope class combinations in the delineated subbasins based on predetermined threshold values. Thresholds are typically chosen based on SWAT model objectives. Because the scope of this project focuses on OWTSs in urban areas, the thresholds needed to be small enough to recognize the fragmented urban areas within each subbasin. Therefore, HRU definitions were set at 5% land use, 5% soil, and 5% slope percentage. These small-scale thresholds yielded 320 HRUs within the six subbasins. The SWAT model was run with two distinct simulations to determine the effects of OWTS on modeling streamflow and nitrogen inputs. Changing the status of septic systems was done by changing the "isep_opt" value from 0 to 1. Other OWTS input parameters were considered as default which is as shown in the Table 1 . The OWTS variable in SWAT (isep = 1) converted the urban areas within subbasin 1 to active septic system users. Both scenarios were simulated for 36 years, from 1981 to 2016, following the SWAT model setup illustrated in Figure 3 . The warm up period for the model was used by one year. The observed data for Total Nitrogen data was used the years 2007 to 2016 for the simulation period. The timespan for calibration and validation was confided by the availability of streamflow and TN data. The calibration was completed with 30 TN data points, and validated with 19 TN data points. 
Model Evaluation Performance
Model evaluation performance through statistical analysis is crucial. Evaluation recommendations prescribed by previous work [15, 27] were used for this study. The three major categories of quantitative statistics were standard regression, Nash and Sutcliffe dimensionless, and error index [28, 29] . Coefficient of determination (R 2 ), Nash and Sutcliffe Efficiency (NSE), and percent bias (PBIAS) were used for model prediction in this study [15] . Coefficient of determination (R 2 ) was used for standard regression analysis by describing the degree of collinearity between simulated and measured data. Values for the coefficient of determination range from -1 to 1, with 1 indicating a perfect linear relationship, and 0 indicating no linear relationship.
The NSE is a dimensionless statistical measure that indicates the magnitude of residual variance to measured variance through normalized statistics [28] . The NSE values may range between −∞ and 1, with 1 being completely inclusive. Values between 0.0 and 1.0 are generally acceptable values for SWAT models [15] . Percent bias (PBIAS) is an error index analysis that measures the average tendency of simulated data to be larger or smaller than their observed counterparts [30] . The optimal PBIAS value is 0.0, with lower values indicating accurate model simulation. Positive PBIAS values indicate model under-simulation bias, whereas negative values indicate overestimation bias [30] .
Results
Model Sensitivity, Calibration and Validation
Nine hydrologic parameters were used in SWAT-CUP to calibrate streamflow. The parameters, fitted value, range of parameter and P-value are presented in Tables 2 and 3 . In the model, 1000 iterations were used for a 6-year simulation including a one-year warm-up period, with the 48th iteration yielding the best results. The two simulations analyzed in this study were streamflow and N loadings with and without OWTSs. In both simulations, the hydrologic parameters selections were 
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Results
Model Sensitivity, Calibration and Validation
Nine hydrologic parameters were used in SWAT-CUP to calibrate streamflow. The parameters, fitted value, range of parameter and P-value are presented in Tables 2 and 3 . In the model, 1000 iterations were used for a 6-year simulation including a one-year warm-up period, with the 48th iteration yielding the best results. The two simulations analyzed in this study were streamflow and N loadings with and without OWTSs. In both simulations, the hydrologic parameters selections were identical. Sensitivity of parameters is determined by identifying the lowest values for the parameter "p-Value". The "p-Value" serves as an indicator for sensitivity significance. By evaluating the p-Values, Tables 2 and 3 indicate that CN2 is sensitive both with and without OWTS simulation. Other sensitive parameters include GWQMN and REVAPMN for simulation without OWTS and GW_DELAY and GW_REVAP for simulation with OWTS. In both simulations, curve Number and groundwater parameter were common sensitive parameters and influenced more surface runoff and base flow. In this study, the BFlow separation tool was used to determine the initial Alpha_BF [31] . As shown in both Tables 2 and 3 , a higher ALPHA_BF value indicates higher base flows and lower GWQMN resulted in lower base flows [11, 16] . Finding optimal values for ALPHA_BF and GWQMN ensures that the streamflow is separated well to account for runoff and baseflow. Note: "R" indicates that the existing parameter is added as a percentage of a given value and "V" is the existing parameter value replaced by a given value. Note: R indicates that the existing parameter is added as a percentage of a given value and "V" is the existing parameter value replaced by a given value. Figure 3 illustrates the observed streamflow, simulated streamflow, precipitation, and 95 PPU. Table 4 shows all nitrogen parameters that were used in the total nitrogen calibration. Statistical analysis for model calibration and validation is shown in Tables 5 and 6 . Model fit value is classified as "very good" [15] for stream calibration, with daily NSE of 0.75 and R 2 of 0.78 (Table 5 ). For the validation period, model fit was decreased with a NSE value of 0.4 and R 2 of 0.68. Overall, model performance was better for streamflow calibration in both scenarios. Meteorological forcing plays an important role in hydrologic model performance. Better spatial representation of precipitation data such as data from PRISM and temperature data ensures higher model performance compared to the NCEP dataset [32] . The average precipitation for the Hunt Watershed is 1270 mm per year. Our model's average precipitation value was overestimated by 1367 mm per year, which could be due to Rhode Island's 2010 flood event. With fitted parameters, the model was simulated again from January 2012 to August 2016 for validation. Validation indicated that simulated flow was overestimated by 4% which is indicated by smaller NSE values compared to the calibration period. This change in model performance could be attributed to the presence of a dry year in the validation period; however, the model captured peak flow and remained consistent with the precipitation pattern. According to the 95 PPU plot (Figure 3) , the uncertainty band was narrow for stream flow's calibration period, ranging between 34% and 50% on a daily basis.
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Influence of OWTS on Hydrologic Cycle
also showed that without the presence of OWTS, groundwater contribution to streamflow decreased in each year of simulation. Therefore, it can be concluded that the influence of OWTS was high on the partition of total streamflow into its runoff and baseflow component. The study also showed that the presence of OWTS has much less influence on the groundwater during wet year than dry year. Figure 5b shows that comparison of annual total nitrogen (TN) load in each year of simulation for both scenarios. The TN loads in each year of simulation for OWTS scenarios were twice as high as scenarios run without OWTS input. 
Discussion
Streamflow and TN load calibration and validation were found to be successful using the SWAT model for the Hunt River Watershed. The model effectively captured nonpoint nitrate inputs from OWTSs through hydrologic modeling of upstream and instream processes. By representing the area under the septic system, using available sewer data and TN loads data, a more accurate model of anthropogenic nitrogen inputs into the Hunt River Watershed was able to be developed. This study showed the importance of groundwater contributions to streamflow and nitrogen loading and the findings are corroborated by research conducted by Jeong et al. and Hoghooghi et al. [11, 14] . 
Streamflow and TN load calibration and validation were found to be successful using the SWAT model for the Hunt River Watershed. The model effectively captured nonpoint nitrate inputs from OWTSs through hydrologic modeling of upstream and instream processes. By representing the area under the septic system, using available sewer data and TN loads data, a more accurate model of anthropogenic nitrogen inputs into the Hunt River Watershed was able to be developed. This study showed the importance of groundwater contributions to streamflow and nitrogen loading and the findings are corroborated by research conducted by Jeong et al. and Hoghooghi et al. [11, 14] .
According to Jeong et al. [11] and Hoghooghi et al. [14] , the contribution of groundwater to streamflow is relatively high during dry years, similar to the research findings of this study.
Since the Hunt River Watershed is listed among the highest priority impacted waterbodies within the state of RI, the ability to effectively model nonpoint nitrogen pollution is essential. Accurate predictions of streamflow and nutrient simulations are important to effectively manage water quality in the receiving watershed and therefore play an important role in nitrogen mitigation and decision-making processes. The Hunt River Watershed's proximity to Narragansett Bay emphasizes the need for analyzing the impacts of nitrogen loading since this estuary has historically faced threats from eutrophication [5, 6] . While the Hunt River Watershed is predominantly forested, the urbanization concentrated near the outlet amplifies the impact of OWTS into the receiving waters. Since the state has significantly reduced the input of point source nitrogen pollution from sewage treatment plants, OWTSs are proportionally becoming a larger source of nitrogen into the bay [8] . Despite reductions in point sources to the bay, eutrophication remains a significant threat to Rhode Island's fisheries and tourism industries, thus managers and policy makers need accurate models for identifying areas to target nitrogen pollution mitigation.
The use of URIWW data to successfully model nutrients entering Narragansett Bay highlights the value of volunteer water quality monitoring programs for their long-term monitoring assessments. While Narragansett Bay is no stranger to pollution, Rhode Island lacks historical nutrient data at daily and statewide monitoring levels. The lack of data on these scales inhibits the ability for modelers to make predictions based on past trends. Successful calibration of the Hunt River Watershed model could largely be attributed to the availability and use of URIWW data.
While the Nash-Sutcliffe index reflects strong calibration and validation for the model, several changes could be made to improve model fit. Limited knowledge of other nitrogen inputs into the watershed prohibited higher calibration achievement. As listed in the Hunt River TMDL, multiple point and nonpoint sources exist as major pollution contributors to the watershed. This model could be expanded upon by evaluating other potential sources of total nitrogen (TN) including lawn fertilizers, animal waste, and agricultural pollution. Another source of pollution that was not considered in this study includes backflow from the Potowomut Cove, which has the potential to be a significant contribution to the overall nitrogen budget within the area [33] . Additional nitrogen input sources need to be evaluated for higher model calibration. Another source of potential error is a lack of data on OWTS health, and how failing OWTS contribute to nitrogen loading within the watershed. Currently, little data exists on the overall health of Rhode Island's OWTSs. Additionally, RI has begun implementing and requiring advanced nitrogen removal OWTS that remove nitrogen through bacterial processes. However, there is still uncertainty on their magnitude of effectiveness and there is limited information on how many of these septic systems are currently installed. In the future, this model could be improved upon as more data becomes available on the status and health of OWTSs and other sources of pollutants.
Overall, SWAT and SWAT-CUP can be used as a tool that supports land use management decisions. Understanding how OWTS alter nitrogen and streamflow inputs into a small-scale watershed allows for analysis of base restoration efforts on numerous user end-benefits. SWAT models are largely acclaimed for their scenario modeling systems [34] . This research did not explore projected changes via modeling scenarios; however, further research efforts could include scenario modeling due to anticipated changes in climate patterns and urbanization. Overall, the model results imply that OWTS input provides a better estimate of nitrogen loading, resulting in more accurate simulations of pollutant loading into Potowomut Cove. Better prediction models are therefore important to provide informed decision-making tools for the watershed managers and regulators.
Conclusions
In this study, nitrogen nonpoint source pollution from OWTSs was modeled within the Hunt River Watershed using the SWAT model. Although the Hunt River Watershed has urbanization, it is served predominantly by OWTSs. Given that the waterbodies associated with the Hunt River Watershed are listed among the highest priority impacted waters in RI, it is important to quantify the impact that OWTSs have within this watershed. This study found that the presence of OWTSs increased nitrogen loading within the watershed and the model fit increased for simulating TN loading with the presence of OWTSs. The daily NSE TN load was 0.5 for the 6-year calibration period and 0.8 for the 6-year validation period. Narragansett Bay is no stranger to nitrogen pollution and often faces threats to its local tourism and fishing economies due to eutrophication stemming from nitrogen pollution. Modeling nitrogen pollution is essential to help quantify nitrogen loading into the bay to identify target areas for possible management and mitigation. This study highlights the utility of using SWAT to model nitrogen pollution from nonpoint sources. Nonpoint sources of nitrogen pollution are proportionally increasing as contributors to nutrient enrichment in coastal waters as point sources of nitrogen loading are decreasing within the state. More research is needed to monitor nonpoint nitrogen sources throughout Narragansett Bay to strengthen current models and identify priority locations for mitigation and management.
